1 3 1 data were not provided and so data were extracted as summary statistics from figures using 1 3 2 WebPlotDigitizer 3.10 (Rohatgi 2016) or manually extracted from data tables. Wherever 1 3 3 possible, sampling errors from summary statistics were collected so that we could perform a 1 3 4 variance-weighted meta-regression. When a site was sampled between a range of years (e.g., 1 3 5 1995 -1996) , the first year was recorded for consistency. When only a season or range of 1 3 6 months was given, the average month of that season was recorded. We calculated the effect size We chose to use the LRR instead of Hedges's D, another commonly used metric of effect size, 1 4 3 because log transformation of the response ratio normalizes the data and because we can use the 1 4 4 following equation to convert the LRR into the percent change in species richness (eqn. 2). Zero values can be problematic when using log transformations, however, our data did not 1 4 9 contain cases where species richness decreased to zero. We verified assumptions of normality of 1 5 0 residuals for all models using visual inspection of standardized residuals and their quantiles. To 1 5 1 check for potential publication bias in effect sizes, we visually inspected funnel plots. However, 1 5 2 publication bias in our dataset was unlikely because many of our studies (46%) were not To examine the effect of human impacts on the change in species richness over time, we used the had global coverage and that were expected to affect local richness in coastal areas. We used two 1 6 8 data layers used in the CHI data: non-native species invasion potential (metric tonnes of cargo 1 6 9
shipped to a port in 2011 was used as a proxy for invasion potential) and nutrient addition 1 7 0 (metric tonnes of nitrogen and phosphorous fertilizer use as reported by the FAO from 2007 - Sea Surface Temperature data (Rayner et al. 2003) . For each study, we collected the latitude and 1 7 5 longitude of sampling points for all plots surveyed in a study. When study sites were composed 1 7 6 of multiple subsamples, we included all the associated coordinates. Data from the spatial layers 1 7 7 were then extracted from these coordinates. When a site was comprised of multiple coordinates, we computed the average impact value for each site. To examine whether marine species richness has changed at local scales and to test whether 1 8 2 cumulative human impacts and specific drivers affect changes in local species richness, we 1 8 3 performed three variance-weighted random effects meta-regressions using the package metafor 1 8 4 (Viechtbauer 2010) in the statistical software R version 3.4.0 (R Core Team 2017). We included 1 8 5 a random effect of study, as single studies could contain multiple sites. This approach allowed us 1 8 6 to account for variation between studies due to factors such as differences in researcher methods, 1 8 7 taxonomic groups, and sites. All code for analysis is available at https://github.com/jdunic/local- To test the roles of specific drivers and to determine the average rate of change in local species 1 9 1 richness we tested three models: the average change in local richness (eqn. 3), the effect of 1 9 2 cumulative human impacts on local richness change (eqn. 4), and the effect of specific drivers on 1 9 3 local richness change (eqn. 4). We used the model heterogeneity statistic Q m to determine 1 9 4 whether our models explained a significant amount of variability observed in the data. We first 1 9 5 examined the average rate of change in species richness from our data set using the following 1 9 6 model for site i from study j 1 9 7 1 9 8
Where α j is the between-study random effects (estimated by the model) and σ i was the measured 2 0 3 variance of a richness estimate at site i. We used study duration (years) as a predictor of the LRR 2 0 4
to estimate a rate of change rather than use LRR / study duration as a response variable to interpretation, we can also convert β D to a percent change in species richness per year (eqn. 2). (eqn. 4).
In this model formulation, the net log change in richness per year is now the sum of the baseline 2 1 6 β D for studies with zero human impacts and sum of all β k2 coefficients multiplied by their 2 1 7 respective drivers. This allows us to account for differences observed in studies differing in analogous to short-term changes due to a driver -versus how that driver affects the rate of log 2 2 0 change in species richness (β k2 ). The latter can be seen as the effect of a driver that will be multiplying the effect out by, for example, 30 years. One limitation of this approach was that 2 2 6
given our data, we only tested a linear effect of duration on how drivers affect rates of log 2 2 7 11 richness change. Given the size of our data set this seemed a reasonable first approximation, 2 2 8 although more model-based mechanistic studies could prove useful in the future. We used the 2 2 9
Akaike Information Criterion corrected for small sample sizes (AICc) to compare models and 2 3 0 determine whether inclusion of human impacts improved the predictive ability of the model 2 3 1 relative to the model that included only study duration. To determine whether any single study had a disproportionate effect on parameter estimates we 2 3 3 systematically re-ran the meta-analysis excluding data from one study at a time to test the 2 3 4 robustness of our analyses to outliers in the data (i.e., leave-one-out analyses, Appendix S4). We 2 3 5 used variance weighting in our analysis because it increases the power to detect differences from zero by placing higher values on studies for which estimates are more precise (Lajeunesse 2013). Although using an unweighted or sample-size weighted analysis would increase the studies 2 3 8
included in our analyses, the parameter estimates from these methods are unreliable (Appendix 2 3 9 S1: Fig. S3 ). For completeness, however, we present these results along with their robustness to 2 4 0 the exclusion of single studies using both methods (Appendix S4). depend on the inclusion of human impacts. In our model that did not account for human impacts, 2 4 7 study duration influenced observed change in species richness (Q m = 5.12, p = 0.024) and we 2 4 8 13 0.19% -3.3%, p = 0.027, Appendix S1: Table S1 ). Importantly, different drivers had contrasting 2 7 5 effects on local richness change when we accounted for nutrient addition, invasion potential, and 2 7 6 rate of linear temperature change in our models. Further, when we considered the effect of these 2 7 7
drivers on log rate of change in species richness (β k2 ), the direction of effect of each driver on 2 7 8 local richness was reversed (Fig. 2b ). Nutrient addition alone was associated with increases in local gains of richness at a rate of 1.3% 2 8 1 per tonne of nutrients / km 2 (95% CI = 0.4% -2.2%, p = 0.007, Appendix S1: Table S1 ). 95% CI = 0.4% -2.3%, p = 0.066, Appendix S1: Table S1 ), but in the long-term, invasive species gains over the long-term (Fig. 3b , Appendix S1: Table S1 ). Meanwhile, the rate of linear 2 8 8 temperature change was weakly associated with species gains in the short-term (6% increase per 2 8 9 ˚C / decade, 95% CI = 1% -11%, p = 0.018, Appendix S1: Table S1 ), but species losses in the 2 9 0 long-term ( Fig. 3c ). when all drivers were set to the maximum values observed in our dataset (Fig. 3d ), shows much With respect to global representativeness of impact levels, we had more observations of species globally (Appendix S1: Fig. S4a,b) . Meanwhile, the cumulative human impact values ranged 3 0 7 from 0.89 -8.9 in our analysis, compared to minimum and maximum global values of 0 to 3 0 8 values greater than 15. Similar to the specific drivers, the majority of our sites showed moderate 3 0 9
impact. Fifty percent of our studies were in regions/pixels with cumulative human impact values 3 1 0 between 2.7 and 5.1. Across taxonomic groups our data were limited to algae, fish, and 3 1 1 invertebrate communities, or some combination of these taxonomic groups (Appendix S3). Our meta-analysis shows that geographic variability in human drivers can explain some of the systems. Furthermore, local drivers such as the nutrient inputs, invasion potential, and the rate of phenomenon may be widespread across many classes of drivers. As expected, when we 3 2 4 considered cumulative human impacts, we observed negative effects on local richness change, 3 2 5 though this effect was weakly supported. But, contrary to expectations, we found that cumulative 3 2 6
human impacts were correlated with increases in the rate of change in local species richness over observe increases or decreases in biodiversity. We found that, while sites recently associated with high nutrient run-off were associated with 3 3 9
short-term gains in species richness, over the long-term, sites with high nutrient run-off were 3 4 0 correlated with losses (Figs. 2, 3 ). Nutrient addition has been shown to increase primary in part, responsible for the increase in algal richness that we observed (Appendix S3: Fig. 4 ).
4 3
However, the processes that drive effects of nutrient addition on local communities can be temperature change over study duration, were weakly associated with short-term species gains, 3 7 6 but high rates of temperature change were associated with long-term species losses (Figs. 2, 3c ).
7 7
Further this result did not appear to be strongly influenced by any one study. In a meta-analysis found that increased temperature was not a significant moderator of richness in producer and were previously at cooler temperatures at a rate that is faster than the emigration or extinction of 3 8 4 resident species (Sagarin et al. 1999, Jackson and Sax 2010) . Within our dataset, the movement 3 8 5 of warm water fishes into areas that had previously cooler water temperatures was found in two 3 8 6
of eleven studies examining fish communities (e.g., 53,54). However, on average, we observed 3 8 7 that high rates of temperature change were associated with long-term declines in species al. 2013 , Dornelas et al. 2014 , Elahi et al. 2015 , Newbold et al. 2015 . Specifically, South 3 9 6
America, Africa, Asia, and Antarctica were underrepresented. Biases of sampled sites may limit Figure 3 
